The printing press long ago and the computer today have made widespread access to information possible. Learning theorists have suggested, however, that mere information is a poor way to learn. Instead, more effective learning comes through doing. While the most popularized element of today's MOOCs are the video lectures, many MOOCs also include interactive activities that can afford learning by doing. This paper explores the learning benefits of the use of informational assets (e.g., videos and text) in MOOCs, versus the learning by doing opportunities that interactive activities provide. We find that students doing more activities learn more than students watching more videos or reading more pages. We estimate the learning benefit from extra doing (1 SD increase) to be more than six times that of extra watching or reading. Our data, from a psychology MOOC, is correlational in character, however we employ causal inference mechanisms to lend support for the claim that the associations we find are causal.
INTRODUCTION
The use of online learning resources to provide and support instruction is on the rise and spectacularly so [5] . Further, there is a growing recognition and interest in the opportunity to apply and contribute to the learning sciences by conducting education research through online learning environments [29, 16] . While there are notable success stories of online courses that were shown to be more effective than traditional instruction [e.g., 20], the more typical situation is that, at best, online courses achieve the same outcomes at lower cost [e.g., 6, 9] . Perhaps more importantly, we do not know enough about what features of online courses are most important for student learning.
The prototypical feature of a Massive Open Online Course (MOOC) is lecture videos, but many MOOCs also include activities such as questions for students to answer or problems for them to solve, in some cases with immediate online feedback. What is more important for student learning? Is it the information students get from watching lecture videos, the practice and feedback they get from online questions or problems, or some combination. The idea of scaling the best lecturers for open access is a compelling feature of MOOCs. However, in contrast to the passive form of learning characterized by watching video lectures or reading text, a diversity of learning theorists have recommended more active learning by doing [e.g., 3, 11, 28] . Many argue for learning by doing as it focuses on authentic activities that are more representative of knowledge use in the real world. More fundamentally, learning by doing is important because most of human expertise involves tacit knowledge of the cues and conditions for deciding when, where, and what knowledge to bring to bear in complex situations [36] . In this view, there appears to be no verbal shortcut to acquiring expertise. It is gained by observing examples (or "models"), attempting to engage in expert activities with feedback and as-needed instruction ("scaffolding"), and having that support be adaptive to advancing proficiency ("fading") [cf., 10].
Intelligent tutoring systems provide such support through adaptive feedback and hints during learning by doing [1, 2, 34] . When well designed, they yield significant learning gains [e.g., 24, 27, 35] . "Well-designed" means designed using theory of learning and instruction [cf., 14, 26] , data-driven methods including cognitive task analysis [8, 17] , and classroom design research iterations [4, 19] . Interactive activities in Carnegie Mellon University's Open Learning Initiative courses attempt to mimic some of the behavior of intelligent tutors and, importantly, follow these good design practices [21, 31] .
In the past few years, much attention has been paid to the demonstrated potential of Massive Open Online Courses (MOOC) to scale access to educational resources [25] . While the exact definition and role of MOOCs continues to be debated, much of the popular dialogue surrounds the three major MOOC platforms -Coursera, Udacity and EdX -who describe MOOCs as online courses with open, unlimited enrollment [23] . Though specific activities vary from course to course, video-based lectures and student discussion forums typically form the core of the MOOC instructional experience. We call this the "lecture model". The Open Learning Initiative, which has offered online learning environments since 2002, takes a different approach focusing on rich and interactive learn-by-doing activities, aligned with student-centered learning outcomes, and designed around science-based learner models. We call this the "learn-by-doing model." Both models offer rich datasets, though with different focuses and capturing different kinds of learner interactions.
An opportunity emerged recently to compare the instructional features of these two different models in terms of how variations in student use of them impacts the learning outcomes they achieve. In 2013, Georgia Institute of Technology and Carnegie Mellon University (CMU) collaborated to incorporate elements of CMU's Open Learning Initiative (OLI) "Introduction to Psychology" learning environment into Tech's Introduction to Psychology as a Science MOOC. Taught via the Coursera platform, OLI materials were available as part of the larger course, in addition to lectures, quizzes and other Coursera-based activities. This paper explores the impact of the use of the OLI elements on learning, in comparison to use of MOOC elements (alone or in association with the OLI materials). As part of this exploration, we examine which OLI features are most associated with learning and if we can infer causal relationships between these features. In addition, we analyze the potential for predicting the course dropout using student performance in OLI activities and surveybased demographic information.
The key research questions we pursue are:
1. What factors determine whether or not students stay in the course or dropout?
2. Do students who use OLI features learn more than those using the MOOC only?
3. What variations in course feature use (watching videos, reading text, or doing activities) are most associated with learning? And can we infer causal relationships?
A key goal is to provide evidence relevant to alternative hypotheses about what makes a course effective. The "lecture model" suggests that students' primary source for learning is through listening to lectures. The "learn-bydoing model" suggests that students' primary source for learning comes from answering questions and solving problems with feedback. Of course, it may be that both sources are critical.
COURSE FEATURES AND DESIGN
In considering the features available in the course, we divide components into two broad categories: passive/declarative information and active/interactive activities. Students learn from passive/declarative information by reading, watching or studying; these features include video lectures, lecture slides and other expository materials (text). Active/interactive features by definition require students to be more active, and include quizzes, exams, discussion forum participation and interactive activities that provide targeted feedback and hints. Although engagement with the full range of learning materials assigned was encouraged, the final grade in the course was awarded based upon a combination of quiz scores, final exam score and two written assignments. In addition, the course contained two additional features intended to support research rather than learning: a pre/post test and student background survey. Neither of these elements was factored into students' grades.
Introduction to Psychology as a Science was designed as a 12-week introductory survey course, as is often taught during the first year of college. For each week of class, the course targeted a major topic area (e.g. Memory, Sense and Perception, Abnormal Behavior, Brain Structures and the Nervous System); these topics were broken into 3-4 sub-topics, each supported by a prerecorded video lecture (10-15 minutes, with downloadable slides) and included assigned modules and learning outcomes in the OLI learning environment. A high-stakes quiz assessed students against these outcomes at the end of each week.
The Coursera MOOC platform provided general course structure (registration, syllabus, etc), video lectures and slides, discussion forums, writing assignments, quizzes (with questions drawn from OLI item banks, see Figure  1b for an example), and a final exam (with questions created by the instructor, see Figure 1c for an example). The background survey was also administered via this platform, which focused on demographic information (gender, age, education, occupation) as well as some questions to assess learner intent and opinion.
The OLI Learning Environment was embedded in the Coursera platform using Learning Tools Interoperability (LTI) for a seamless learner experience. The corresponding OLI modules included a variety of expository content (text, examples, images, and video clips) and a large number of interactive activities. Broadly, these activities serve two purposes. "Learn By Doing" activities, intended to support student outcome achievement, provide feedback targeted to diagnose misconceptions and robust hints to support students. In Figure 1a , we show a screenshot of a Learn by Doing activity from the unit on Personality covered in week 9 of the course. "Did I Get This" activities provide a selfcomprehension check for students. They are introduced at points when students are expected to have achieved mastery and do not provide hints, though they do offer feedback [31] . 
METHODS
It is important to point out that using data from natural student use of MOOCs adds uncertainty in making inferences about causal relationships as compared to using data from experimental designs. This uncertainty is further increased by the large attrition or dropout that is typical in MOOCs. The sample of students involved in any particular analysis is determined by student participation and effects that might be attributed to other factors (e.g., course features) might instead be so-called "selection effects", that is, effects of sampling differences based on the choices or selections that students make. Nevertheless, there is a real opportunity to use the large and naturally-occurring data that comes from MOOCs to provide initial, if not confirming, evidence of factors of potential importance for course participation and learning outcomes. Table 1 shows different subsets of students as indicated by different forms of participation in the course. We refer to it in describing how samples were selected to address our research questions.
Our first research question is: What factors determine whether or not students stay in the course or dropout? 27720 students registered in the Coursera MOOC Psychology course while 1154 students completed it (see Table 1 ). We are interested in what indicators or features may predict dropouts throughout the course, and we use quiz and final exam participation as estimates of student dropout. For example, if a student has a score for quiz 4 but none of the remaining quizzes or the final, we consider that student to have dropped out after quiz 4. We are interested in factors that predict future dropouts. In addition to whether students used the OLI material or not, we also included quiz participation and quiz score in a logistic regression model to predict final exam participation.
Our second research question is: Do students who use OLI learn more than students who only use the MOOC materials? MOOC+OLI students (N=9075) are those who registered to use the OLI materials. MOOC-only students (N=18,645) did not (see Table 1 ). To address the question, we did a quasi-experimental comparison of learning outcomes between the MOOC+OLI students who took the final (N=939) with the MOOC-only students who took the final (N=215). activity with an average of 127 and a maximum of 695 activities started (variable activities_started). Table 1 shows these same activity use statistics for the subset of OLI registered students who took the final exam (939 students).
Because activities sit on pages and students must go to those pages to do the activities, we created a new measure to represent pages accessed beyond those needed to get to a page. A scatterplot between pageview and activities_started indicated a lower bound on pages seen for a given number of activities and the bound is reasonably estimated at the maximum of 695 activities, where no one did this many activities in fewer than 206 pageviews. We used this ratio of about 3.4 activities per page to subtract out the pages due to activity access and computed a new variable, non_activities_pageview, that is arguably a more pure measure of the variation in the reading students did.
After the exploratory data analysis, the results present a search for potential causal relationships, including estimates of the strength of these relationships, by using a causal inference system called Tetrad [32] . Tetrad is a program that creates, estimates, tests, predicts with, and searches for causal and statistical models. Tetrad has a distinct suite of model discovery search algorithms that include, for example, an ability to search when there may be unobserved confounders of measured variables, to search for models of latent structure, to search for linear feedback models, and to calculate predictions of the effects of interventions or experiments based on a model 1 . We used Tetrad to infer the causal relationships between pretest score, course feature use variables (watching videos, reading pages, doing activities), quiz scores, and final exam score. To aid causal model search, we specified some extra time-based constraints, particularly that leader measures could not use earlier ones (i.e., the final scores cannot cause quiz scores, quiz scores cannot cause feature use, and feature use cannot cause pre-test score). We used Tetrad's PCD algorithm for causal model search and we normalized the data (using a correlation matrix input to PCD) so that resulting model coefficients could be better compared and interpreted.
RESULTS AND DISCUSSION

Predicting Course DropOut and Completion
From the total number of registered students (27, 720) , only 4% take the final exam. Of the 9075 students who registered for the OLI materials, only 10% took the final exam. Such high attrition rates in MOOC courses are not uncommon [12] as many students register for reasons other than completing the course (e.g., determine their interest in the material, check their knowledge on the topic, etc.). But, we were interested in examining when students dropout (i.e., is there a crucial point in the course for students to not continue to participate) and what factors might contribute to dropping out. Figure 2 shows different participation rates among three student groups: 1) the 27720 students who registered for the course, 2) the 9075 students who registered to use the OLI materials, and 3) the 939 of those MOOC+OLI students who took the final. Quiz participation decreases over time both for all MOOC students and for the MOOC+OLI subset. The rate of quiz participation is consistently higher for MOOC+OLI students than for MOOC students in general, about twice as high. Seriousness to take the extra step to register in OLI appears not to be enough to explain greater MOOC+OLI participation rates. If we further restrict the sample to those who completed the first quiz (another indicator of early seriousness), we still find the MOOC+OLI students are more likely to take quiz 11 (18.5%) than the MOOConly students (14%). The biggest drop in participation comes between quiz 1 and 2 with 43% of students dropping overall (39% of MOOC+OLI and 50% of MOOC only). Perhaps not surprisingly, the quiz participation of the MOOC+OLI students who attended the final exam (N = 939) is quite high with 98% taking quiz 1 and 95% taking quiz 11.
We also explored whether quizzes' participation and/or quizzes' scores can predict final exam participation. We used a logistic regression model with final exam participation as the outcome variable. The predictor variables were Pretest participation and Pretest score and 22 others for participation in each of the 11 quizzes and for scores on each of the 11 quizzes. Table 2 shows the coefficients, standard errors and P values for all predictors that are highly significant, at the p<0.01 level. Participations in quizzes later in the course (i.e., quizzes 7 and 11) are, perhaps not surprisingly, good predictors of final exam participation. Additionally, there is an indication that how well students are doing in the course may also be predictive. A student's score on quiz 1, above and beyond having merely taken it (and taken other quizzes), is associated with higher final exam participation. Given this is the first quiz, this result may suggest that students that are either underprepared for the course or are not engaging sufficiently with the first unit materials to learn from them are unlikely to continue through to the end of the course and take the final exam. 
Comparing Learning Outcomes of MOOC-only and MOOC+OLI Students
The first measure of comparison was students' final exam scores. MOOC-only students (N=215) had an average final exam score of 56.9% and the MOOC+OLI students (N=939) averaged 65.7%. This difference is highly significant based on a t-test (p < .001), however, applying a t-test directly is not appropriate because the group score distributions are not normally distributed. They are skewed toward higher scores and include a number of low outliers. We employ a simple transformation (a cubic) of the measure (final_score 3 ) to produce normal distributions. Applying a t-test to the transformed data once again yields a highly significant difference (p < 0.001).
As mentioned above, the difference in these self-selected groups may be a consequence of features of the students rather than of the OLI instruction. Students who registered to use the OLI materials may simply be better students. One way to test for (but not completely eliminate) the possibility of such a selection effect is to build a statistical model using all the information we have about student characteristics. We can then test whether a difference based on OLI use still remains after accounting for these other characteristics. In particular, we created a linear regression with final exam score as the outcome variable and, in addition to instructional group (MOOC+OLI vs. MOOC-only), we included six other student characteristic variables: pretest score, Quiz 1 score, occupation, age, education and gender. Because not all students answered the survey, our sample is now reduced to 551 students, 251 in MOOC+OLI and 301 in MOOC-only. Table 3 shows only the significant coefficients in the model and we see that Quiz 1 score and education make significant independent contributions to the final exam score and, importantly, the increase due to OLI use remains. None of the other variables (pretest score, occupation, age, or gender) make a significant independent contribution to the final exam score. The model parameters indicate that students with a PhD (N=41) get 3.96 more questions (out of 40) correct on average than students in other educational groups, that every extra point on the pre-test yields 1.06 more questions correct, and that use of OLI (at least registering) produces 1.43 more questions correct. Just because students register to use OLI, does not guarantee that they do. And, similarly, just because students are in the MOOC does not mean they take advantage of the features it provides, such as watching the lecture videos. The next section investigates the log data to explore the impact of estimated student use of such features.
Variations in Course Feature Use Predict Differences in Learning Outcomes
Exploratory Data Analysis: Doing, not Watching, Better Predicts Learning. As a method of exploratory data analysis, we simply performed a median split on each of our metrics of instructional feature use --videos played, pages accessed (beyond activities), and activities started. A student is a "watcher" if they played more than a median number of videos, a "reader" if they accessed more than a median number of pages, and a "doer" if they started more than a median number of activities. Figure  3a shows that the most frequent combinations are the extremes, either being on the low half for all three, a nonwatcher-non-reader-non-doer shown in the leftmost bar (N=201) or being on the high half for all three a watcherreader-doer shown in the leftmost bar (N=184). The next most frequent combinations are reader-doers (N=120), who are using the OLI features, and watchers (N=105), who are using the distinctive MOOC feature, video lectures.
Which type of student appears to learn the most? Figure  3b shows the results for the total quiz score and indicates that the doers do well on the quizzes (score of about 94 points) even without being on the high half of reading or watching (the red bars are equally high). (Note, however, that the doers tend to read and watch more than the nondoers in the matched reading and watching groups.) Those in the lower half of doing (the non-doers) do not perform as well on the quizzes, but those who are on either the high half of reading or watching do better (80 points) than those low on both (62 points). In other words, doing the activities may be sufficient to do well on the quizzes, but if you do not do the activities, you will be better off at least reading or watching. Figure 3c indicates that, as for quiz score, a higher final exam score is more typical of those on the higher half of doing (about 28 points) and next best is either reading or watching (about 26 points) with low on all being the worst (23 points). In contrast with the quizzes, there is at least a hint in the final exam score showing that simply doing (26.7) is further enhanced by watching (27.4), reading (28.2), and both (28.7).
Quiz Final
Poor Excellent Poor Excellent
High watcher only 46% 5% 38% 15%
High doer only 13% 42% 13% 16%
High both 2% 52% 0% 31% Table 4 . Percent of students of different extreme types (highest quartile) that do poorly or excellently on the quizzes and final. Table 4 summarizes an analysis of the extremes that starts by splitting each of the watching, doing, quiz, and final variables into four equal groups of students and focuses on the lowest and highest quarters of these groups. The first row in Table 4 illustrates how watching lots of the videos but doing few activities leaves one quite likely to do poorly on quizzes (46% of such students) or on the final (38%) and quite unlikely to do an excellent job on quizzes (5%) and final (15%). The second row shows how simply doing a lot even without much watching of video lectures avoids poor performance on quizzes and the final (only 13% for both) and enhances excellent performance on quizzes (42%). However, a lot of doing alone does not facilitate excellent performance on the final (16%). As seen in the last column of the third row, reaching excellent levels of transfer to performance on the final is one place where it appears that extensive video watching is beneficial, but only for those who are also extensively engaged in the learning by doing activities (31% as opposed to 15% and 16% for those who are only high watchers or high doers alone).
Why might high video watching along with high doing aid excellent performance on the final, whereas lots of doing without much video watching appears sufficient for excellent performance on the quizzes? One possible reason is that the final was created by the MOOC professor and may have had items on it that are not covered in the OLI material, but only in the lecture videos. Learning by doing activities may generally better support learning, but if certain items on the final involved concepts or skills that were not required in those activities but that were presented in the videos, then students that watched lots of video lectures are more likely to get those items correct. Alternatively, we find that replacing "high watcher" with "high reader" in Table 4 produces similar results, that high doing is enough to increase chances of excellent quiz performance but it takes combining high reading along with high doing to increase chances of excellent quiz performance. In other words, it may not be the video lecture per se, but the declarative content present in video or reading, that appears important, on top of lots of learning by doing, for excellent performance on the final exam. The model indicates direct causal impacts from all course features, doing activities, reading materials, and watching videos, to a higher total quiz score. The most influential impact comes from doing activities, with a normalized coefficient of 0.44 (a 1 standard deviation increase in doing activities produces 0.44 sd increase in quiz score).
The strength of this relationship is more than six times the impact of watching video or reading pages (both with coefficients of about .065) and more than three times the combined impact of watching and reading. Looking at other features of the model, we see that a higher pretest score directly causes a higher quiz score (coefficient = 0.25). Thus, effects of course feature use are adjusted for and above and beyond this influence.
Higher pretest also causes greater activity use, though weakly (0.08). Within the three course features, more reading causes both more doing and more watching, with a larger coefficient for doing (0.39 > 0.12). The higher influence of reading on doing may reflect the proximity of these features within OLI pages, whereas the videos are located in the MOOC proper. Higher quiz scores cause higher final scores and this relationship is quite strong (0.65). The final exam was developed by the MOOC instructor whereas the unit quizzes more directly correspond with the content of the associated OLI modules. The strength of the connection suggests that student-learning improvements as measured by the quizzes (and highly influenced by doing more activities) do well transfer to the final exam.
RELATED WORK, LIMITATIONS AND FUTURE WORK
Our results on the limited value of video watching for learning are particularly interesting given other results suggesting that video watching behavior is predictive of dropout [30] . Those who are motivated to watch lecture videos may well be interested in the course material and may stick with it, however, that is no guarantee that those experiences produce any substantial robust or lasting learning. Consistent with our results, much work on intelligent tutoring systems is premised on the power of learning by doing. A pre-MOOC analysis of course elements found that "electronic homework as administered by CyberTutor is the only course element that contributes significantly to improvement on the final exam" [22] . A recent analysis of two MOOC data sets was less conclusive "the wide distribution of demographics and initial skill in MOOCs challenges us to isolate the habits of learning and resource use that correlate with learning for different students" [7] . One potential important difference between some learning by doing activities in those MOOCs (e.g., use of a circuit simulator) and the ones provided by OLI is the availability of fast feedback and hints in the context of doing. Such interactive (not merely active) experiences may be particularly effective for learning.
An immediate opportunity for future work is to evaluate whether our results generalize to data from a second offering of the same MOOC that was run in Spring 2014 using the same materials and teaching team. In addition, during Spring of 2013, these OLI materials were used in a variety of two-year institutions as part of the OLI Community College evaluation project [13] . An analysis of this data offers an opportunity to consider the generalizability of these results beyond the MOOC setting.
Our analysis to date has not taken advantage of all the available data. In future work, we would like to also explore how student involvement in peer-graded writing assignments and in discussion forums is associated with learning outcomes and dropout. We can also improve on our estimates of the amount of watching, reading, and doing students engage in by not only seeing how often a video, page, or activity is started, but also estimate the amount of time they spend on each (though variation in availability of resource/activity use start and end times makes doing so harder than it may seem).
If more time were spent doing activities than reading, our results may simply be a consequence of this extra time. Preliminary analysis of the log data shows that students, on average, do more activities than read pages (387 vs. 297, respectively), but spend less overall time doing activities than reading (21.6 hrs vs. 25.0 hrs, respectively). In other words, it appears students actually spend substantially less time per activity (3.4 min) than reading a page (5.0 min). Given the improvement we see in our learning outcomes and the exploratory analysis results, this time analysis further supports the notion that doing interactive activities has a greater impact on learning than passive reading. It will be interesting to get the results of a similar analysis to compare lecture video watching time.
Although our analysis considers elements of watching, reading and doing across the entirety of the course, a more fine-grained analysis is likely desirable and it could take advantage of the fact that learning materials in OLI have been carefully mapped to specific learning objectives and skills [cf., 15].
Going beyond this specific psychology MOOC, we look to doing and seeing an expansion of this kind of analysis to other MOOCs, online or blended courses that include both passive declarative elements and interactive problem-solving elements.
CONCLUSION
While many MOOCs do include questions and some online and offline homework assignments, some have argued that a key limitation of many online courses is that they lack sufficiently rich, well-supported activities with adaptive scaffolding for learning by doing [cf., 33, 18] . Our results support the view that video lectures may add limited value for student learning and that providing more interactive activities will better enhance student learning outcomes.
